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Abstract—CT images can be reconstructed analytically or
iteratively. The analytic methods,e.g Iter ed backprojection, are
known to be computationally inexpensive and highly accurate.
Iterati ve reconstruction seemsof high interest since better dose
usageis expected.

However, iterative methods are computationally extremely
expensve and therefore have been applied to modalities with
low amounts of data (e.g PET) only. A promising algorithm for
CT is the ordered subsetconvex (OSC) whoseinitial designhas
recentlybeensigni cantly improved and now achieveshigh image
quality.

Recently, a novel general purpose architecture optimized for
distributed computing became available: The Cell Broadband
Engine (CBE). Its eight synemistic processingelements(SPEs)
currently allow for a theoretical performance of 192 GFlops. We
aim at maximizing the OSC image reconstruction speedfor at—
panel-basedcone-beamCT such as micro—CT or C-arm-CT.
For this geometryhighly optimized perspectve CBE-basedcone—
beamforward- and backprojection algorithms were designedand
implemented.

Performance was assessecy reconstructing a 512° volume
from 512 cone—beam projections of size 1024. In combina-
tion with a preceding Feldkamp-type initialization, four OSC
iterations turned out to be sufcient to achieve high image
quality. Using both CBEs of our dual Cell-basedblade (Mercury
Computer Systems)allows to reconstruct the whole volume in
about one minute.

I. INTRODUCTION

TATISTICAL CT imagereconstructiorhasthe potential
0 signi cantly reduceimage noise and therebyimprove
the doseusage.Doseis not only an issuefor clinical appli-
cations such as medical CT or C—arm—CT It also plays a

role in preclinical imaging where small animalsare repeat-

edly scannedin—vivo within longitudinal studies.However,
statisticalimagereconstructions iterative andthereforerather
time—consuming.

Therehave beenmary extensionsto statisticalreconstruc-
tion algorithmsin thelastdecadespot mary of themdedicated

to transmissiortomograply. Recently the orderedsubsetcon-

vex (OSC)algorithmwas appliedto simulatedand measured

dataandit was found that, given properimageinitialization,
only four iterationsare requiredto achiee sufcient image
quality [1], [2], [3], [4]. [5].
Despitetheseachievementsreconstructiortime is still pro-
hibitive. Attemptshave beenmadeto acceleratehe algorithm
on graphical processingunits (GPU). Reference[6] claims

195 s per GPU-acceleratedteration where 256 projections
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Fig. 1. The Cell BroadbandEngine(CBE).

and a 256° volume are used. Scalingto 512* introducesa
factor16 andyields 52 min periteration. This performancds
far from being acceptabldor routine scanswherescantimes
in the rangeof 5 s to one minute are pushing.

To maximizeperformancave implementedDSConthe Cell
BroadbandEngine (CBE). Cell processorgsee Fig. 1) are
generalpurposeprocessorghat combinea PaverPCelement
(PPE, “manager”) with eight synegistic processorelements
(SPE,"worker”) [7], [8], [9]. The SPEsarethe mostinteresting
feature of the Cell processaras they are the sourceof its
processingpower. A singlechip containseight SPEsgachwith
ansynegistic processinginit (SPU),amemory o w controller
(MFC), and 256 kB of SRAM that are usedas local store
(LS) memory The LS runsin its own addressspaceat the
full 3.2 GHz clock frequeng.

Il. METHOD
Basedon the OSC updateequation[1]
0 1
BPe FRE) ¢
faa=f @+ A Q)
BP e FRT )  FR(f )
with
f Currentimage
f 41 Nextimage
p: Rawvdata
FR(): Forwardprojection
BP(): Backprojection

we implementeda Cell-basedversion of OSC. The main
effort was to optimize the implementationsof the forward
projectionoperatorFP( ) and of the backprojectionoperator
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Fig. 2. Directperspectie forward-andbackprojectiorwith the real detector
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Fig. 3. Fast perspectie forward- and backprojectionwith a virtual ideal

detectorparallelto one of the volumefaces.

BP( ) whichusuallyarethe performancédottleneckn iterative
imagereconstruction.

Since our interestmainly lies in preclinical imaging and
in C—arm CT (which both are cone—beam at—panel CT
modalities) we use a projection geometrywhich is mathe-
matically known as perspectivetransform(seeFig. 2). It can
be describedby twelve perspectie transformcoefcients c;
that may vary from projectionto projection,i.e. ¢; = ¢; (n)
wheren denoteshe projectionindex or trajectoryparameter
The analyticalrelationbetweerthe spatialdomaincoordinates
r = (x;y;z) andthe detectorcoordinateql; m) is given by
the perspectie transform

Coo(N)X + Co1(N)y + Co2(N)Z + Coz(N)
Coo(N)X + Co1(N)Y + C2(N)Z + Cp3(n)
Cro(N)X + c11(n)y + c12(n)z + c13(n)
Coo(N)X + Co1(N)y + C22(N)Z + Cp3(n)

)

m(n; x;y;z) =

I(n;x;y;z) = ()

To maximizeperformanceour implementatiorperformsan
initial “real-to—ideal’detectorebinningto aligntheinitial real
datainto anideal detectorparallelto one of the volumefaces
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Fig. 4. Sketch of the interactionof the manager(left side) and the 8-16

workers (right side)in our CBE-basedmplementatiorof the OSCalgorithm
with Feldkampinitialization. BP standsfor backprojection,FP for forward
projection. Num and Denom symbolize numeratorand denominatar resp.
(without the backprojectionj.e. the termsin braclets) of equation(1). Sub
indicatesthat only a small part of the rawdataandvolume canbe hold in the
worker memory

(seeFig. 3). The rebinningis performeddestination—dkien
and usesbilinear interpolation. Note that the real-to—ideal
rebinningis doneonly onceduringimagereconstructionThe
subsequenforward- andbackprojectionsresimple mappings
of the volume slices onto the detectorand vice versa.They
arealsodestination—dxien and usebilinear interpolation.The
favorable property of the ideal detectoris that g, = ¢y =
Co = Cp = 0 (in caseof a x—z—alignmentas shavn in
Fig. 3). Basedon the dataon the ideal detectora Feldkamp
(FDK) reconstructior(c.f. [10]) is performedasinitialization,
followed by the OSC iterations.

Fig. 4 illustratesour implementatiornof the OSC algorithm
specializedor the CBE. The worker's local storeis limited to
256kB each.Thisrequireso usea hierarchicaimemorylayout
and to processsmall sub—wlumesratherthan the complete
volume. Note that all time—consumingpperationsrun on the
workers. We highly optimizedthe worker code by manually
unrolling all inner loops which minimizes lateng (for code
examplessee[11], [12]).

I1l. RESULTS

Table | summarizeghe Cell performancevaluesmeasured
on a single CBE with 3.2 GHz for an OSC reconstructiorof
512 projectionsof size 1024 1024 (which were downsam-
pled to 512 512 for the OSC forward projections)and a
reconstructediolumesizeof 512 512 512

To analyzeresolutionand noise characteristicef the FDK
and OSC algorithms we simulateda noisy water phantom
with a in nitely small metal insert (delta function). OSC



OSCprocessingteps | Time Frequenyg
Real-to—ideatebinning | 4.0s once
FDK imagereconstruction| 15.4s once
Smoothingof FDK image | 1.5s once
One forward projection | 13.2s | eachiteration
Exponentials| 6.0s | eachiteration
Two backprojections| 20.4s | eachiteration
Volumeupdate | 0.2s eachsubset
Total (4 iterations,16 subsets)| 192s

TABLE |
CBE TIMING OF THE OSC ALGORITHM.

was initialized with a smoothedFDK image. We de ned a
dimensionlesguality factor Q as[13]

S

1
(FWHM, + FWHM, )3

Q/ (4)

FWHM, Noisé

Theresultsareshavn in Tablell. We obsere a signi cant
increaseof imagequality after 4 OSCiterations.This canbe
convertedto a dosereductionby up to 45% at constanimage
quality.

Fig. 6 shavs the reconstruction®f a mousescannedvith a
micro—CTFscanneifomoScope30s(seeFig. 5). Also the pure
visual impressshaws a signi cant increaseof image quality
after 4 OSCiterations.

IV. CONCLUSION

Iterative and in particular statisticalimage reconstruction
hasthe potentialto becomeroutinely available with the high
performanceprovided by the Cell Broadbandengine.
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EDK FDK OosC OSC OsC
smoothed 2iterations | 4iterations | 6 iterations

FWHMy 0.755 0.983 0.918 0.871 0.837
FWHMy 0.706 0.965 0.906 0.862 0.831
FWHM, 0.744 0.979 0.914 0.866 0.831
Noise 80.8 47.8 47.0 46.9 47.0
Quality 1.00 0.96 1.11 1.24 1.33
Dose
requiredfor 1.00 1.09 0.810 0.655 0.563
constantquality

TABLE 1l
ANALYSIS OF NOISE AND RESOLUTION. FWHMS ARE SCALED IN ARBITRARY UNITS, NOISE IS SCALED IN HU.

Fig. 6. Micro—CT reconstructiorof a mouse Upperrow: Feldkamp(FDK). Lower row: OSCafter4 iterations.The noisein themarked ROIsis = 112 HU
for FDK and = 70 HU for OSC.The HU window is (C/W) = (100=750).



